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Local and regional associations between bacterial communities and nutrient and chemical
concentrations were assessed in the Upper Mississippi River in Minnesota to determine
if community structure was associated with discrete types of chemical inputs associated
with different land cover. Bacterial communities were characterized by Illumina sequencing
of the V6 region of 16S rDNA and compared to >40 chemical and nutrient concentrations.
Local bacterial community structure was shaped primarily by associations among bacterial
orders. However, order abundances were correlated regionally with nutrient and chemical
concentrations, and were also related to major land coverage types. Total organic carbon
and total dissolved solids were among the primary abiotic factors associated with local
community composition and co-varied with land cover. Escherichia coli concentration
was poorly related to community composition or nutrient concentrations. Abundances
of 14 bacterial orders were related to land coverage type, and seven showed significant
differences in abundance (P ≤ 0.046) between forested or anthropogenically-impacted
sites. This study identifies specific bacterial orders that were associated with chemicals
and nutrients derived from specific land cover types and may be useful in assessing water
quality. Results of this study reveal the need to investigate community dynamics at both
the local and regional scales and to identify shifts in taxonomic community structure that
may be useful in determining sources of pollution in the Upper Mississippi River.
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INTRODUCTION
The Mississippi River is an important natural resource that is
used as a source for drinking water by many cities, as well
as for recreational, agricultural, and industrial purposes. The
Upper Mississippi River Basin (UMRB), however, has a well-
documented history of contamination by heavy metals, includ-
ing mercury and lead that peaked in the 1960s (Balogh et al.,
1999, 2009; Wiener and Sandheinrich, 2010). The UMRB is
also impacted by chemicals, including the pesticide DDT, her-
bicides, and polychlorinated biphenyls (Pereira and Hostettler,
1993; Wiener and Sandheinrich, 2010). In addition, nutrient
loading, especially nitrogen and phosphorus, primarily from agri-
cultural runoff (Schilling et al., 2010), has been a persistent
concern, with estimates that the UMRB contributed as much
as 43 and 26% of total nitrogen and phosphorus, respectively,
to the northern Gulf of Mexico from 2001 to 2005 (United
States Environmental Protection Agency, 2007). Furthermore,
effluent from urban and suburban wastewater treatment plants
has been shown to increase organic and inorganic nutrient con-
tent downstream in temperate river systems and to decrease
bacterial diversity (Drury et al., 2013). While the input of
many pollutants to the UMRB has declined since passage of
the Clean Water Act and other regulatory measures in the
1970s (Balogh et al., 2009; Wiener and Sandheinrich, 2010),
non-point sources of pollution remain a contemporary concern
(Wiener and Sandheinrich, 2010).
In addition to long-recognized nutrient contamination of
the UMRB, several other pollutants, including fecal contami-
nation, traditionally measured by using fecal indicator bacteria
(Escherichia coli and Enterococcus) (United States Environmental
Protection Agency, 2002, 2012), antimicrobials, other pharma-
ceuticals, and personal care product pollutants have potential
negative impacts on the river’s water quality. Recently, reaches
of the Mississippi River between the Coon Rapids Dam and
Minneapolis, as well as a section near Saint Paul, MN have
been deemed impaired due to elevated concentrations of E. coli
(Russell and Weller, 2012). Furthermore, pharmaceuticals such
as acetaminophen and caffeine have also been detected in the
Mississippi River and are likely contributed from wastewater
discharge and runoff (Ellis, 2006; Zhang et al., 2007). While
elevated nutrient and bacterial concentrations, and the pres-
ence of potentially toxic xenobiotic compounds, suggest negative
impacts on ecosystem processes, they provide little indication
as to the source(s) of contamination, and little is known about
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resultant effects on bacterial community structure and ecosystem
functioning as a result of their presence in the UMRB.
Many recent studies evaluating variation in microbial com-
munity structure in response to environmental gradients have
relied on indirect measures and the use of statistical methods,
such as non-metric multidimensional scaling, Mantel tests, and
Spearman rank correlations, among others (Fortunato et al.,
2012; Portillo et al., 2012; Brandsma et al., 2013; Staley et al.,
2013). While these methods provide valuable information, such
as how bacterial communities vary in response to changes in
salinity and depth on a regional scale (Fortunato et al., 2012),
local and temporal differences in microbial assemblages can be
difficult to determine due to considerable data reduction using
these methods such that an entire study period or study area
is typically analyzed and relationships on a local scale may be
overlooked. Furthermore, spatial alteration in community struc-
ture is difficult to disentangle from changes due to environmental
gradients, especially when multiple sources of variation co-vary
(Fortunato and Crump, 2011; Fortunato et al., 2012). Local sim-
ilarity analysis (LSA) has been proposed as a method to explain
complex, non-linear relationships betweenmicrobial assemblages
and co-varying environmental parameters on a local scale that can
be displayed in a graphical format (Ruan et al., 2006). Extended
LSA (eLSA) is a recent expansion of this analysis to incorporate
replicate sample data (Xia et al., 2011), and this method has been
subsequently used to characterize seasonal relationships within
and between microbial taxa and environmental factors in the
English Channel (Gilbert et al., 2012).
In addition to being able to better evaluate complex inter-
and intra-community responses to environmental variables in
high-throughput DNA sequencing datasets, studies of river water
have suggested that the microbial communities may change pre-
dictably in response to specific types of anthropogenic inputs
or contaminant sources (Unno et al., 2010; Staley et al., 2013).
Recent development of several analytical software packages has
allowed for relatively rapid assignment of operational taxonomic
units (OTUs) to specific sources (Knights et al., 2011; Unno
et al., 2012), and these have been used in the study of sur-
face water to identify human-specific fecal contamination (Unno
et al., 2012; Newton et al., 2013). These studies suggest that
evaluation of the entire bacterial community composition may
be a useful water quality monitoring tool, potentially providing
accurate assessment of the magnitude and distribution of con-
tamination from a variety of sources. In addition to inputs of
specific non-indigenous taxa from allochthonous sources, shifts
in bacterial community structure may also be associated with
the introduction or increase in concentration of specific chemical
contaminants, including pharmaceuticals or heavy metals.
In the current study, we characterized concentrations of nutri-
ents and xenobiotic compounds present in the water column
of the UMRB in Minnesota during the summers of 2011 and
2012 in order to determine how chemical inputs to the river
influenced bacterial community structure. We hypothesized that
associations of bacterial orders with nutrient and chemical con-
centrations would vary both locally and regionally in response to
different sources of contamination. To evaluate local associations,
all environmental parameters were modeled into an association
network with abundances of bacterial orders, and a predictive
Bayesian network was developed to display significant, directional
associations over a regional scale. Regional bacterial commu-
nity structure was further hypothesized to be related to specific
land-coverage types that are likely to be influencing chemical
gradients throughout the river. While previous studies have iden-
tified specific taxa associated with human fecal contamination
andwastewater discharge (Drury et al., 2013; Newton et al., 2013),
the wide variety of analytes measured here, as well as the large
study area, offered a more thorough evaluation of how land-use
practices and nutrient concentrations might co-vary, and how
bacterial communities vary in response to anthropogenically-
impacted chemical contributions both locally and regionally.
Furthermore, the ability to associate specific bacterial taxa with
discrete types of contamination will prove useful in future water
quality monitoring, the adoption of best management practices,
and development of total maximum daily load (TMDLs).
MATERIALS AND METHODS
SAMPLING COLLECTION AND PROCESSING
Samples were collected during early summer (May through July)
in 2011 and 2012 from 11 sites along the Upper Mississippi River
and major contributing rivers near their confluences with the
Mississippi River as previously described (Staley et al., 2013).
Locations of sampling sites are listed beginning at the headwaters
near Lake Itasca to the southern border of Minnesota (near La
Crescent; Table 1). Water samples (40 L) were collected in sterile
20 L carboys, transported to the lab, and either processed immedi-
ately or stored at 15◦C overnight and processed the following day
(Staley et al., 2013). Briefly, samples were strained through sterile
cheesecloth and sequentially filtered (5–10μm) to remove debris
and aggregate bacteria. A subset of planktonic bacterial cells were
subsequently captured on a 0.45-μm-pore-sized polyethane sul-
fonate filters. The effects of filtration and filter pore-size on bacte-
rial community characterization have been previously explored in
our laboratory (Staley et al., 2013), and the 0.45-μmpore size was
selected to allow the most efficient filtration of large volumes of
water. However, while the 0.45μmpore size allows efficient filtra-
tion of large volumes of water, only larger, free-living planktonic
bacteria can be characterized by this method. Cells were elutriated
by vortexing filters in pyrophosphate buffer, pH 7.0, and six cell
pellets representing approximately 6 L each of water were stored
at −80◦C.
DNA EXTRACTION AND SEQUENCING
DNA was extracted from two replicate cell pellets per site using
the DNA Isolation Kit for Water (Epicentre, Madison, WI). The
V6 hypervariable region of the 16S rDNA was amplified using
the 967F/1046R barcoded primer set (Sogin et al., 2006), and
amplicons were gel-purified using the QiaQuick® Gel Extraction
Kit (Qiagen, Valencia, CA). Replicate sequence data was gener-
ated by paired-end sequencing of purified amplicon pools on
the Illumina MiSeq (DNA from one cell pellet, 2 × 150 bp read
length) and HiSeq2000 (DNA from the second cell pellet, ampli-
cons sequenced in duplicate at 2 × 100 bp). Duplicate sequencing
was performed because a third cell pellet was not available for
additional DNA extraction resulting from use of pellets in other
Frontiers in Microbiology | Aquatic Microbiology October 2014 | Volume 5 | Article 524 | 2
Staley et al. Modeling of the Mississippi River bacterial community
Ta
b
le
1
|P
er
ce
n
ta
ge
s
o
f
la
n
d
co
ve
r
o
f
hy
d
ro
lo
g
ic
al
u
n
it
s
sa
m
p
le
d
.
S
it
e*
D
is
ta
n
ce
D
ev
el
o
p
ed
,
D
ev
el
o
p
ed
,
D
ev
el
o
p
ed
,
D
ev
el
o
p
ed
,
S
u
m
D
ed
ci
d
u
o
u
s
E
ve
rg
re
en
M
ix
ed
S
u
m
Pa
st
u
re
C
u
lt
iv
at
ed
S
u
m
(k
m
)†
o
p
en
lo
w
m
ed
h
ig
h
d
ev
el
o
p
ed
‡
fo
re
st
fo
re
st
fo
re
st
fo
re
st
§
ag
ri
cu
lt
u
re
¶
It
as
ca
a
0
2.
51
0.
65
0.
17
0.
08
3.
42
34
.5
0
9.
99
4.
23
48
.7
2
5.
65
1.
01
6.
66
S
t.
C
lo
ud
b
26
3
5.
95
1.
95
1.
26
0.
40
9.
56
16
.4
5
1.
11
0.
05
17
.6
1
16
.9
6
38
.9
3
55
.8
9
C
le
ar
w
at
er
b
27
1
5.
95
1.
95
1.
26
0.
40
9.
56
16
.4
5
1.
11
0.
05
17
.6
1
16
.9
6
38
.9
3
55
.8
9
Tw
in
C
iti
es
c
31
1
8.
57
14
.2
2
6.
28
2.
16
31
.2
2
14
.1
3
1.
14
0.
05
15
.3
2
16
.5
8
11
.4
0
27
.9
9
M
N
R
iv
er
d
N
A
4.
97
4.
95
2.
70
1.
23
13
.8
6
7.
50
0.
20
0.
02
7.
73
10
.4
5
58
.4
9
68
.9
4
C
on
flu
en
ce
c
31
3
8.
57
14
.2
2
6.
28
2.
16
31
.2
2
14
.1
3
1.
14
0.
05
15
.3
2
16
.5
8
11
.4
0
27
.9
9
H
as
tin
gs
c
33
0
8.
57
14
.2
2
6.
28
2.
16
31
.2
2
14
.1
3
1.
14
0.
05
15
.3
2
16
.5
8
11
.4
0
27
.9
9
S
t.
C
ro
ix
R
iv
er
e
N
A
4.
52
1.
62
0.
61
0.
20
6.
95
27
.0
1
2.
07
0.
54
29
.6
2
23
.7
3
22
.0
5
45
.7
8
R
ed
W
in
gf
36
2
5.
32
3.
47
1.
64
0.
44
10
.8
7
19
.0
6
0.
21
0.
05
19
.3
2
12
.2
1
43
.9
4
56
.1
4
La
C
re
sc
en
tg
40
1
3.
76
4.
24
1.
73
0.
42
10
.1
4
40
.4
6
1.
92
0.
15
42
.5
3
10
.9
5
22
.0
5
33
.0
0
Zu
m
br
o
R
iv
er
h
N
A
5.
72
2.
37
0.
70
0.
25
9.
04
9.
59
0.
12
0.
01
9.
71
11
.4
2
55
.6
6
67
.0
7
* S
am
pl
es
w
ith
th
e
sa
m
e
su
pe
rs
cr
ip
t
(a
–h
)a
re
w
ith
in
th
e
sa
m
e
H
U
C
bo
un
da
rie
s.
† D
is
ta
nc
e
fr
om
th
e
he
ad
w
at
er
s.
S
am
pl
es
m
ar
ke
d
N
A
ar
e
m
aj
or
co
nfl
ue
nt
riv
er
s.
‡ S
um
of
al
ld
ev
el
op
ed
(o
pe
n—
hi
gh
)a
re
a.
§
S
um
of
de
ci
du
ou
s,
ev
er
gr
ee
n,
an
d
m
ix
ed
fo
re
st
ar
ea
.
¶
S
um
of
pa
st
ur
e
an
d
cu
lti
va
te
d
la
nd
.
experiments not described here. Interpretations of sequence data
have been previously shown to be reproducible across platforms
(Caporaso et al., 2012), and use of the HiSeq2000 enabled more
efficient multiplexing of samples. Sequencing was performed by
the University of Minnesota Genomics Center. Sequences were
deposited to the GenBank Sequence Read Archive under accession
number SRP018728.
METADATA COLLECTION
Physicochemical parameters, including temperature, pH, and
rainfall up to 72 h prior to sampling was collected at the time
of sampling. In addition, two additional 1 L water samples were
collected in sterile amber bottles and stored at 4◦C for further
chemical analyses. Escherichia coli concentration was determined
by membrane filtration and plating on mTEC agar using stan-
dard methods (United States Environmental Protection Agency,
2002) and data are expressed as colony-forming units (CFU)
per 100ml. Concentrations of ammonium (NH4), nitrite/nitrate
(NO2/NO3), total phosphorus (total-P), orthophosphate, total
organic carbon (carbon), and total dissolved solids (TDS)
were measured by the Research Analytical Laboratories (RAL;
University of Minnesota, St. Paul, MN). In addition, induc-
tively coupled plasma mass spectrometry (ICP) analysis was
used to quantify ion concentrations, and quantification of
concentrations of various xenobiotic compounds, classified as
antibiotics, endocrine disruptors, pharmaceuticals, personal care
products, and pesticides was performed by the RAL using liquid
chromatography-mass spectrometry. Analytes were exhaustively
selected based on the capability of the RAL, and xenobiotic
compounds measured were determined by RAL capabilities.
All physical parameters and analytes measured are shown in
Table 2.
Land cover data was extrapolated from the National Land
Cover Database (NLCD 2006) (Fry et al., 2011) by overlaying a
map of hydrologic unit code (HUC) boundaries (1:250,000 scale)
using ArcGIS (Esri, Redlands, CA) and expressed as a percent-
age of the total area of the HUC boundary (Table 1). Maps were
obtained from the United States Geological Survey [http://water.
usgs.gov/maps.html]. NLCD codes for similar land cover types
(e.g., “developed, low” and “developed, med”) were summed
in order to evaluate the influence of major land cover types.
Major land cover categories investigated were “developed” (urban
anthropogenic impacts), “forested” (unimpacted by anthro-
pogenic activity), and “agricultural” (agricultural anthropogenic
impacts). Agricultural land throughout this manuscript refers
to the sum of pastureland and cultivated (crop) land, while
“pasture” specifically references pastureland alone.
SEQUENCE PROCESSING
All sequence processing was performed using mothur software
ver. 1.29.2 and 1.32.0 (Schloss et al., 2009). Sequences were
trimmed to 100 nt, paired-end aligned using fastq-join (Aronesty,
2013), and screened for quality. Sequences that had a quality
score<35 over a window of 50 nt, had a mismatch to a primer or
barcode sequence, had homopolymers >8 nt, or had an ambigu-
ous base (N) were excluded from analysis. Singleton sequences
were removed in mothur and chimeras were removed using
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Table 2 | Summary of analytes measured among all sampling sites during both years of study.
Class Analyte 2011 2012
Mean SD Min Max Mean SD Min Max
Bacteria (CFU 100ml−1) E. coli 76.82 105.28 5.00 300.00 15.05 27.16 ND* 93.50
Physical parameters Temperate (◦C) 18.18 2.32 12.00 21.00 21.52 1.76 18.20 23.80
pH 7.72 0.28 7.20 8.10 7.59 0.30 6.89 7.89
Cumulative Rainfall (mm) 7.39 7.54 0.00 21.85 13.44 14.84 0.00 43.69
72h Rainfall (mm) 1.78 2.73 0.00 7.37 4.66 8.29 0.00 21.84
48h Rainfall (mm) 3.05 4.85 0.00 11.18 3.53 11.26 0.00 38.61
24h Rainfall (mm) 2.56 5.72 0.00 17.53 5.24 6.67 0.00 17.78
Nutrients (mg L−1) Organic carbon 6.20 1.92 1.59 8.99 8.72 3.58 2.06 14.47
Ammonium 0.07 0.02 0.05 0.11 0.05 0.02 0.04 0.09
Nitrate/nitrite 2.50 2.36 0.05 7.57 1.97 1.97 0.16 6.19
Total phosphorus 0.19 0.06 0.08 0.28 0.11 0.01 0.09 0.13
Orthophosphate 0.05 0.02 0.02 0.09 0.06 0.03 0.02 0.13
TDS† 79.88 32.39 21.87 139.42 44.19 18.51 13.35 72.13
Ions or Metals (mg L−1) Al 0.13 0.11 ND 0.41 0.42 0.30 0.08 1.18
B 0.05 0.03 0.02 0.10 ND ND ND ND
Ca 65.43 25.93 17.79 112.79 36.72 14.17 11.50 57.75
Cd ND ND ND ND 0.02 ND 0.02 0.02
Cr ND 0.01 ND 0.02 ND ND ND ND
Cu 0.06 0.16 ND 0.57 ND ND ND 0.01
Fe 0.30 0.15 0.09 0.49 0.86 0.44 0.04 1.59
K 1.97 0.89 0.90 3.48 2.17 0.83 0.79 3.52
Mg 26.19 14.10 6.39 55.54 13.54 6.37 3.63 25.00
Mn 0.05 0.02 0.02 0.08 0.06 0.02 0.02 0.09
Na 11.75 5.48 3.62 21.39 5.44 2.72 1.63 9.91
Ni ND ND ND ND ND ND ND ND
P ND ND ND ND 0.97 2.20 0.08 7.79
Pb ND ND ND ND ND ND ND ND
Zn 0.02 0.03 ND 0.10 0.10 0.06 0.03 0.21
Antibiotics (ng ml−1) Erythromycin ND ND ND ND ND ND ND ND
Monensin ND ND ND ND ND ND ND ND
Sulfumathoxazole ND ND ND ND ND ND ND ND
Pesticides (ng ml−1) Acetochlor 9.59 15.10 ND 43.80 67.01 72.50 ND 231.00
Atrazine 2.71 4.38 ND 14.30 4.51 1.42 3.07 7.24
Carbaryl ND ND ND ND 0.61 1.05 0.26 3.89
D-atrazine NA‡ NA NA NA ND ND ND ND
Iprodione ND ND ND ND ND ND ND ND
Metolachlor ND ND ND ND 141.64 132.06 ND 374.00
Pharmaceuticals (ng ml−1) Acetaminophen ND ND ND ND ND ND ND ND
Caffeine 4.49 3.65 ND 11.60 10.28 7.93 3.50 32.70
Ibuprofen ND ND ND ND ND ND ND ND
Endocrine disrupters (ng ml−1) 4-Nonylphenol ND ND ND ND ND ND ND ND
Daidzein ND ND ND ND ND ND ND ND
Carbamazepine ND ND ND ND 0.56 1.81 ND 6.20
Fomonentin ND ND ND ND ND ND ND ND
Genistein ND ND ND ND ND ND ND ND
meta-Chlorophenylpiperazine 28.77 52.97 ND 162.00 ND ND ND ND
Zeranol ND ND ND ND ND ND ND ND
Personal care products (ng ml−1) Cotinine 1.35 0.71 ND 2.56 ND ND ND ND
DEET ND ND ND ND 5.77 7.74 ND 21.40
*ND: Analyte was not detected.
†Total dissolved solids.
‡NA: Analyte was not measured.
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UCHIME (Edgar et al., 2011). The number of sequence reads in
each sample was normalized by random subsampling to 25,703
sequence reads per sample. Sequences were aligned against the
SILVA database ver. 102 (Pruesse et al., 2007), OTUs were clus-
tered using the furthest-neighbor algorithm at 97% similarity,
and OTUs were classified against the Ribosomal Database Project
ver. 9 database (Cole et al., 2009).
STATISTICAL ANALYSES
All diversity calculations, ordination plots, and community com-
parisons were performed using mothur (Schloss et al., 2009)
and Bray-Curtis dissimilarity matrices (Bray and Curtis, 1957).
For all analyses, unless otherwise stated, replicates were main-
tained as separate samples and grouped by using various design
files. Three analyses were used to evaluate differences in commu-
nity structure among sampling sites: (i) Beta-diversity differences
between sites were determined using UniFrac metrics (Lozupone
and Knight, 2005), which take into account raw phylogenetic
differences between sets of taxa (unweighted) or abundance-
weighted phylogenetic differences (weighted); (ii) analysis of
similarity (ANOSIM) (Clarke, 1993), in which rank order differ-
ences in community structure are evaluated from a dissimilarity
matrix was performed, and (iii) analysis of molecular variance
(AMOVA) (Excoffier et al., 1992), which is similar to a non-
parametric analysis of variance (ANOVA) utilizing dissimilarity
matrices was also performed. All community-level analyses were
also done using mothur and statistics were calculated using 1000
iterations. Spearman correlations, ANOVA, generalized linear
modeling, and discriminant function analysis (DFA) were per-
formed using SPSS Statistics software ver. 19.0 (IBM, Armonk,
NY). All statistics were evaluated at α = 0.05.
NETWORK MODELING
For network modeling, bacteria were classified to orders, as this
level of taxonomic resolution has been used previously for inter-
rogating associations among bacterial communities (Gilbert et al.,
2012), and the accuracy of more specific classification (e.g., to
family or genus) may be unreliable with short sequence reads
used here (Mizrahi-Man et al., 2013). Local similarity analyses
were performed using the eLSA software package (Xia et al., 2011)
with no time-delay [-d 0], normalization to both percentile and
Z-score [-n percentileZ] and replicates were averaged (default set-
ting). A total of 191 parameters were included in the LSA model;
parameters that were not detected during both years of study were
excluded. LSA results were visualized using Cytoscape ver 3.0.2
(Shannon et al., 2003).
For Bayesian network inference, environmental parame-
ters were normalized as described previously (Larsen et al.,
2012) using the equation Env_norm
j
i =
(
MAX
(
Env j
)− Env ji
)
(
MAX
(
Env j
)− MIN(Env j)) ×
99 + 1. Environmental parameters were incorporated into a sin-
gle input matrix with the 15 most abundant bacterial orders,
and for simplicity, reported as the mean percentages of relative
abundance among triplicates (a number between 0 and 100).
Relationships were inferred using the Bayesian Network Inference
with Java Objects (BANJO) ver. 2.2.0 (Smith et al., 2006), and
settings used were similar to those previously described (Larsen
et al., 2012). Networks were considered using simulated annealing
and the All Local Moves proposer, with a maximum of five par-
ents. Only environmental parameters were considered as parents.
Only significant associations (at α = 0.05) were incorporated into
the final consensus network of highest-scoring networks inferred
and were visualized using Cytoscape software.
RESULTS
BACTERIAL COMMUNITY COMPOSITION
A mean of 1450 ± 266 OTUs were identified among all
samples and could be classified to 153 orders. An average
of 0.02 ± 0.02% of sequence reads could not be classified
to an order among all replicate samples. Differences in
alpha diversity were not significantly different between years
(mean Shannon index 4.02 ± 0.50, P = 0.128). The bac-
terial community composition of all samples was predomi-
nantly comprised of the orders Burkholderiales (54.0% mean
abundance), Actinomycetales (10.1%), Pseudomonadales (8.3%),
Sphingobacteriales (3.4%), Methylophilales (3.1%), Rhodocyclales
(2.4%), and Rhodospirillales (2.0%; Figure 1). All other orders
accounted for a mean of <2.0% of sequence reads. At two sites
sampled in either year (Itasca and St. Cloud in 2011 and Twin
Cities and Minnesota River in 2012), a majority of sequence
reads classified to Pseudomonadales, and this result was consistent
among replicate sequence data at these sites. While the domi-
nant orders were generally consistent among samples, bacterial
communities differed significantly between samples collected in
2011 and 2012 (unweighted and weighted UniFrac P < 0.001,
ANOSIM P = 0.007, AMOVA P = 0.007; Figure 2).
LOCAL SIMILARITY ANALYSIS
Local similarity analysis revealed that the relative abundances
of bacterial orders were generally more significantly intercorre-
lated amongst themselves, than with nutrient or chemical con-
centrations (Figure 3). Importantly, E. coli concentration was
not significantly associated with other analyte concentrations
or abundances of specific orders. Specific and stronger associ-
ations (−0.7 > Spearman’s r > 0.7) among all parameters and
bacterial orders included in LSA are shown in Supplementary
Figures S1, S2.
Among the nutrient concentrations measured, only the
amounts of organic carbon and TDS were significantly asso-
ciated with order abundances. Organic carbon concentration
was associated with the abundances of Acidobacteria Group 2,
Gemmatimonadales, and Sneathiellales (Spearman’s r = 0.640,
0.631, and 0.792), while TDS concentration was inversely cor-
related with abundance of Acidobacteria Group 2 (r = −0.709).
Among ions measured, the concentration of potassium was
significantly associated with abundances of Puniceicoccales,
Thiotrichales, and Verrucomicrobia Subdivision 5 (r = 0.624,
0.584, and 0.761).
Developed land use was also associated with potassium
concentration (r = 0.730) as well as Thiotrichales and Verru-
comicrobia Subdivision 5 abundances (r = 0.734 and 0.715).
Magnesium concentration was negatively correlated with abun-
dance of Anaerolineales (r = −0.556), and boron concentration
was positively correlated with abundances of Rhodobacterales (r =
0.534) and several rare orders for which correlation coefficients
could not be obtained. Several of these rare orders were also
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FIGURE 1 | Distribution of the most abundant orders identified at sampling sites among triplicate samples at each site. Asterisks (∗) denote orders
designated incertae sedis.
FIGURE 2 | Principal coordinate analysis of bacterial communities from
2011 () to 2012 () samples (r2 = 0.848). All replicates were merged for
ordination only; statistics were calculated with replicates separated. A total
of 20 axes were necessary to explain all variation.
negatively associated with iron and zinc concentrations. Among
the xenobiotic chemicals tested, only the concentration of ace-
tochlor was significantly associated with Acidobacteria Group 1
(r = 0.766).
ASSOCIATION OF PHYSICAL AND CHEMICAL PARAMETERS WITH
COMMUNITY COMPOSITION
Correlations among nutrient and chemical concentrations with
community diversity and order abundances were also observed
FIGURE 3 | Local similarity analysis network of bacterial orders (blue
circles), physicochemical parameters (green diamonds), chemicals
(nutrients and ions; yellow hexagons), xenobiotic compounds (red
squares), and land use (orange squares). All relationships were significant
(P < 0.05, q < 0.003). Black edges indicate positive local similarity scores
and red edges are negative, length is arbitrary.
regionally via traditional correlation analyses. Similar to LSA,
however, significant intercorrelations were also observed between
analyte concentrations, making the biological importance of asso-
ciations with community composition difficult to interpret.
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Temperature and cumulative, 3-day antecedent rainfall were
significantly higher in 2011 than 2012 (P = 0.041 and <
0.001, respectively; Table 2). Among all the nutrients measured,
organic carbon, ammonium, total phosphorous, and TDS were
significantly greater in 2011 vs. 2012 (P ≤ 0.001). Over both
years of the study, temperature and organic carbon concen-
trations were positively correlated with diversity, as measured
by the Shannon index (r = 0.292 and 0.369, P = 0.018, and
0.002, respectively) while pH, 48 h antecedent rainfall, and TDS
concentration were inversely correlated (r = −0.325, −0.462,
and −0.246, P = 0.008, <0.001, and 0.046, respectively). A gen-
eralized linear model was constructed to relate pH and nutrient
concentrations to Shannon diversity. Temperature and rainfall
were excluded as these were not associated with land cover.
Concentrations of organic carbon and nitrite/nitrate were found
to have significant main effects on Shannon diversity (P = 0.009
and 0.045, respectively), although the abundances of most of the
orders were significantly correlated with the concentration of at
least one of the nutrients measured (P < 0.05). Supplementary
Figures S3, S4 show a subset of these orders that also had relative
abundances related to land coverage.
The concentrations of the majority of ions also differed signif-
icantly (P < 0.05) between years, except for Cr, Cu, K, and Mn.
The concentrations of Al, Mn, and K were significantly correlated
with richness measured as the number of OTUs identified (r =
0.294–0.310, P ≤ 0.016), while the concentrations of Ca were
negatively correlated to the Shannon diversity index (r = −0.246,
P = 0.047). However, the concentration of N,N-Diethyl-meta-
toluamide (the insecticide DEET) significantly increased rich-
ness (r = 0.283, P = 0.021), while the concentration of carbaryl
was inversely correlated (r = −0.288, P = 0.019) to richness by
traditional analysis.
INTERCORRELATION OF WATER QUALITY PARAMETERS
Among parameters traditionally used to evaluate water qual-
ity, traditional bivariate correlation analysis indicated that
the concentration of E. coli was only significantly correlated
with total phosphorus and TDS concentrations (r = 0.527 and
0.328, P < 0.001 and 0.007, respectively) and inversely cor-
related with organic carbon concentrations (r = −0.363, P =
0.003). Nitrite/nitrate, orthophosphate, and TDS concentrations
were all positively correlated with each other (r = 0.665–0.850,
P < 0.001), and negatively correlated with organic carbon con-
centration (r = −0.546 to −0.804, P < 0.001). Ammonium,
total phosphorus, and TDS concentrations were also signifi-
cantly positively correlated with each other (r = 0.261–0.353,
P ≤ 0.035). Negative correlations between ammonium or phos-
phorus concentrations and organic carbon concentrations were
not significant at α = 0.05.
ASSOCIATION OF NUTRIENT AND CHEMICAL CONCENTRATIONS WITH
LAND COVER
To simplify the interpretation of intercorrelations among analytes
and land cover, analyte concentrations were related to major land
coverage categories observed (developed, forested, or pasture) by
traditional bivariate correlation analysis (Table 3). Pastureland
alone was evaluated because cultivated land was poorly correlated
with the relative abundances of nearly every order, and a neg-
ative correlation between pastureland and E. coli concentration
was significant (r = −0.303, P = 0.013). Generally, a greater per-
centage of developed land area was associated with higher pH
and increased nitrite/nitrate, orthophosphate, and TDS concen-
trations, as well as concentrations of several ions. In contrast,
the concentrations of these parameters tended to decrease with
greater percentages of forested or pasture land within the HUC
boundary (Table 3). A greater percentage of pastureland within
a hydrologic unit was also well correlated with increased organic
carbon concentration (r = 0.695, P < 0.001). Concentrations of
some pesticides, endocrine disrupters, and personal care products
were also negatively correlated with the percentage of forested
area within a hydrologic unit (r = −0.279 to−0.375, P ≤ 0.033),
while acetochlor concentration was positively correlated with
developed area (r = 0.421, P < 0.001).
ASSOCIATION OF LAND COVERAGE WITH COMMUNITY STRUCTURE
Sites were grouped by land coverage category (developed,
forested, or combined agricultural) based on the greatest percent-
age of land coverage within the HUC boundary in which the site
was located (Table 1). Changes in community membership (dif-
ferences in phylogenetic branching) and relative abundance of
taxa were significantly different (P ≤ 0.008) among land cover-
age categories (both years combined), as evaluated by comparing
unweighted and weighted UniFrac metrics, respectively. Similarly,
these differences were found to be significant (P = 0.037) in indi-
vidual years, except when using unweighted UniFrac metrics of
differences between the developed and forested categories in 2012
(P = 0.066). Within a land coverage category, however, differ-
ences in phylogenetic structure did not differ significantly among
sampling sites from either year (P ≥ 0.200), but the majority
of pairwise comparisons showed significant differences when
relative abundance of taxa was considered at α = 0.05.
However, despite phylogenetic differences found by evaluating
UniFrac values, β-diversity was not significantly different (P =
0.345) among land coverage categories when evaluated using
ANOSIM over both years or during a single year (P = 0.359
and 0.237 for 2011 and 2012, respectively). Furthermore, cluster-
ing of sites by primary surrounding land-coverage category was
not significant in 2011 or 2012 (AMOVA P = 0.205 and 0.101,
respectively).
Richness, determined as the number of OTUs, was signifi-
cantly higher at sites surrounded by developed land than those
surrounded by forest or agriculture (P = 0.001). Shannon diver-
sity was significantly higher at developed sites compared to
forested sites (P = 0.017), but the difference in diversity between
developed and agricultural sites was not significant by post-hoc
test (P = 0.371). The percentages of total developed and pasture
land coverage, but not total agricultural land coverage, within
an HUC boundary were significantly correlated with richness
(number of OTUs observed, r = 0.583, P < 0.001; r = 0.261,
P = 0.034; respective to coverage type) and Shannon indices (r =
0.334, P = 0.006; r = 0.463, P < 0.001) by traditional bivari-
ate correlation analysis. Taxonomic orders that were ≥0.05% of
sequence reads (on average) among all samples (n = 51) were
evaluated by traditional analysis to determine associations with
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Table 3 | Correlation coefficients relating analyte concentrations with major land coverage patterns observed.
Class Analyte Developed Forested Pasture
Bacterium E. coli −0.090 (0.472) 0.108 (0.389) −0.303 (0.013)*
Physical Parameters pH 0.379 (0.002) −0.577 (<0.001) −0.443 (<0.001)
Nutrients Carbon 0.104 (0.406) 0.246 (0.046) 0.695 (<0.001)
Ammonium 0.154 (0.218) 0.030 (0.812) 0.161 (0.197)
Nitrate/nitrite 0.412 (0.001) −0.657 (<0.001) −0.384 (0.001)
Total phosphorus 0.023 (0.853) −0.089 (0.479) 0.071 (0.570)
Orthophosphate 0.497 (<0.001) −0.532 (<0.001) −0.412 (0.001)
TDS 0.312 (0.011) −0.518 (<0.001) −0.465 (<0.001)
Ions Al 0.297 (0.015) −0.397 (0.001) −0.137 (0.274)
B 0.214 (0.085) −0.099 (0.427) −0.047 (0.711)
Ca 0.282 (0.022) −0.457 (<0.001) −0.482 (<0.001)
Cd 0.000 (1.000) 0.000 (1.000) 0.000 (1.000)
Cr 0.070 (0.575) 0.140 (0.264) −0.073 (0.563)
Cu −0.399 (0.001) 0.421 (<0.001) 0.116 (0.354)
Fe 0.118 (0.346) −0.152 (0.222) 0.225 (0.070)
K 0.721 (< 0.001) −0.637 (<0.001) −0.253 (0.041)
Mg 0.381 (0.002) −0.486 (<0.001) −0.476 (<0.001)
Mn 0.292 (0.017) −0.71 (0.569) 0.261 (0.035)
Na 0.469 (<0.001) −0.497 (<0.001) −0.232 (0.060)
P 0.001 (0.992) 0.023 (0.853) −0.090 (0.470)
Zn −0.173 (0.165) 0.391 (0.001) 0.046 (0.715)
Pesticide Acetochlor 0.421 (<0.001) −0.146 (0.243) −0.220 (0.076)
Atrazine 0.234 (0.058) −0.375 (0.002) −0.093 (0.456)
Carbaryl −0.041 (0.745) −0.132 (0.290) 0.001 (0.992)
Metolachlor 0.238 (0.054) −0.283 (0.021) 0.038 (0.764)
Pharmaceutical Caffeine 0.075 (0.549) 0.017 (0.895) 0.008 (0.947)
Endocrine disrupter Carbamazepine −0.211 (0.089) −0.279 (0.023) −0.181 (0.145)
Personal care products Cotinine 0.190 (0.126) 0.028 (0.826) 0.137 (0.272)
DEET 0.157 (0.207) −0.263 (0.033) 0.244 (0.049)
*P-values are shown in parentheses. Bold values indicate statistically significant correlations.
the predominant surrounding land coverage. Thirty-seven orders
were correlated with the percentage of at least one of these land
use types (Supplementary Figures S3, S4).
BAYESIAN MODELING OF COMMUNITY VARIATION
Modeling by Bayesian inference was performed to elucidate
potentially biologically important parameters influencing com-
munity composition among analytes and land cover measured.
Bayesian inference revealed that nine analytes and the percentage
of pasture coverage were significantly and directionally asso-
ciated with the relative abundance of 12 of 15 (80%) of the
most abundant taxonomic orders (Figure 4). Interestingly, the
concentration of E. coli at sites was not related to the rela-
tive abundance of any of these orders. However, among the
nutrients examined, the concentrations of ammonium, organic
carbon, nitrite/nitrate, and orthophosphate were all associated
with the relative abundance of at least one order. Furthermore,
while directional relationships among specific orders could be
inferred, they did not include the two most abundant orders
identified—Burkholderiales and Actinomycetales.
DISCRIMINANT FUNCTION ANALYSIS (DFA) OF LAND COVER
The DFA revealed two discriminant functions (i.e., linear func-
tions in which order abundances were weighted such that land
coverage types are maximally dispersed) to explain variance in
major land coverage types (P < 0.001 for both functions; DFA1
canonical coefficient = 0.994, Wilks’ λ = 0.027; DFA 2 canoni-
cal coefficient = 0.871, Wilks’ λ = 0.242). Fourteen orders were
identified that were best related to the primary surrounding
land coverage of samples collected during both years (orders
and coefficients, the absolute values of which indicate the effect
size, are shown in Table 4). Of these orders, 7 of 14 (50%)
showed differences in relative abundance over both years of
study between the three major land-coverage types, via Tukey’s
Frontiers in Microbiology | Aquatic Microbiology October 2014 | Volume 5 | Article 524 | 8
Staley et al. Modeling of the Mississippi River bacterial community
FIGURE 4 | Consensus inferred Bayesian network relating bacterial
orders (blue circles), physicochemical parameters (green diamonds),
chemicals (nutrients and ions; yellow hexagons), E. coli (pink
circle), and land use (orange squares). Solid black lines indicate
positive associations while dashed red lines indicate negative
associations and arrows are directed from parent to child. Edge length
is arbitrary. Asterisks (∗) designate orders that are unclassified or
designated incertae sedis.
post-hoc test (Table 4). Among the orders that were signifi-
cantly more abundant at sites with primarily developed land
coverage, only Aeromonadales and Nitrosomonadales were signif-
icantly more abundant compared to primarily agricultural sites
(P ≤ 0.005). Among those more abundant at forested sites, only
the Gammaproteobacteria order was also greater when compared
against agricultural sites (P = 0.019).
To better resolve members of the community that might indi-
cate inputs from specific land cover types, the sequences of
representative OTUs from each order that showed a significant
association with land cover were compared manually against
the GenBank non-redundant (nr/nt) database via blastn search
(BLAST). Representative OTUs were the most abundant OTUs in
each order and generally had 10- to 100-fold more sequence reads
than all other OTUs classified to that order over the entire dataset.
The isolation sources of top-matches were taken from the sub-
mitters’ annotations within GenBank metadata. In general, top
BLAST matches for orders that were more abundant at forested
sites tended to be strictly from freshwater habitats while those
more abundant at developed sites were associated with wastewater
treatment or oil contamination (Table 5).
DISCUSSION
In this study, we evaluated the relationships between environ-
mental and chemical parameters and the abundances of bacterial
orders and observed that throughout the river at large, the abun-
dances of bacterial orders were associated with regional variation
in nutrient and chemical concentrations that are intercorre-
lated with land coverage patterns. The relationship between land
cover and nutrient concentrations has been frequently reported
Table 4 | Standardized canonical discriminant function coefficients for
taxonomic orders best associated with land coverage type by DFA.
Taxonomic order DFA1 DFA2
(72.2%) (27.8%)
Methylophilales 1.797 1.242
Cyanobacteria (unclassified) 0.652 0.705
Rhodobacterales* 2.314 0.097
Gammaproteobacteria incertae sedis† −1.357 0.603
Rhizobiales 0.058 0.688
Synergistales† −3.667 −1.091
Chromatiales 0.976 0.924
Bacillales 1.266 1.218
Verrucomicrobia Subdivision3 genera incertae sedis* 0.502 −1.461
Prolixibacter† 0.877 −0.137
Aeromonadales* 0.697 −0.815
Legionellales −2.333 −1.290
Bacteroidales −0.005 1.680
Nitrosomonadales* 0.308 −1.486
*Order was significantly more abundant at sites with primarily developed land
coverage (P ≤ 0.036).
†Order was significantly more abundant at sites with primarily forested land
coverage.
(Gilbert et al., 2009; Fortunato and Crump, 2011; Fortunato
et al., 2012). However, specific community compositions associ-
ated with specific land cover patterns or nutrient concentrations
remains poorly explored in riverine communities, particularly in
the water column.
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Table 5 | Identification of representative OTUs via BLAST search.
Order Species ID Isolation sources
Rhodobacterales Uncultured Rhodobacter sp. Oilfield-produced water
Uncultured bacterium Wastewater treatment plant biofilter
Uncultured bacterium Oil-contaminated groundwater
Roseinatronobacter sp. Alkaline hypersaline lake
Uncultured bacterium Water; Hungary
Gammaproteobacteria incertae sedis Uncultured bacterium (2) Big Lake; Mljet, Dubrovnik, Croatia
Uncultured Methylotenera sp. Holocene marine sediment
Uncultured betaproteobacterium Freshwater biofilm
Uncultured bacterium Municipal drinking water system, raw water influent
Synergistales Uncultured bacterium (2) Arctic thaw pond water
Uncultured bacterium (2) Lake Mizugaki; Yamanashi, Japan
Uncultured bacterium Deep-water sponge (Baikalospongia intermedia)
Verrucomicrobia Subdivision 3incertae sedis Uncultured bacterium Municipal drinking water system, tap water
Uncultured bacterium Water, 17th Street Canal, New Orleans, LA, USA
Uncultured bacterium Lake Poyang; China
Uncultured bacterium Soil; Harvard Forest, MA, USA
Uncultured bacterium Soil; Adulam, Israel
Prolixibacter Uncultured bacterium Lake Mizugaki; Yamanashi, Japan
Uncultured bacterium Municipal drinking water system, raw water influent
Uncultured bacterium Amazon River, Brazil
Uncultured bacterium Las Cumbres Lake; Panama
Uncultured bacterium Diseased leaf; Lake Taihu; China
Aeromonadales Aeromonas veronii Pond loach (Misgurnus anguillicaudatus)
Aeromonas salmonicida (2) Channel catfish (Ictalurus punctatus)
Aeromonas dhakensis Membrane bioreactor activated sludge
Aeromonas hydrophila Membrane bioreactor activated sludge
Nitrosomonadales Uncultured bacterium Yong Ding River; Beijing China
Uncultured bacterium Typha rhizosphere; Bai River; Beijing China
Uncultured bacterium Municipal drinking water distribution system
Uncultured bacterium Activated sludge
Uncultured betaproteobacterium Activated sludge
Results of the top 5 BLAST matches are shown and numbers in parenthesis indicate the number of hits to multiple isolates from the same source.
At the local scale, biotic interactions have been reported to
be primary drivers of variation in bacterial community structure
(Fortunato and Crump, 2011), and this result is similar to that
reported here in which associations were primarily observed
among bacterial orders rather than nutrient and chemical con-
centrations by LSA. The finding that the majority of signifi-
cant associations were observed among bacterial orders in the
Mississippi River is also similar to observations of microbial com-
munities in the English Channel (Gilbert et al., 2012), although
the scale of these two ecosystems differ considerably in ecosystem
type, study area, and nutritional availability. The local asso-
ciations identified here may be particularly important when
assessing community relationships in a lotic ecosystem prone
to continual changes in nutrient availability and bacterial taxa
as well as variation in residence time associated with seasonal
variation and, potentially, land cover. A recent study of microbial
communities in river sediments found that while primarily envi-
ronmental drivers shaped community structure (Gibbons et al.,
2014), dispersal dynamics and stochastic forces may play a minor
role.When residence time is short, as might be expected in the late
Spring and early Summer in this system, biotic interactions may
play a stronger role in defining community dynamics than dur-
ing later months when residence time increases. This possibility,
as well as potential time-delayed effects on community structure
in this ecosystem will require further study.
Despite the highly intercorrelated relationships among orders
and seeming independence from local environmental and
chemical parameters in the association network, significant
directional relationships were inferred between both water chem-
istry, especially organic carbon and TDS concentrations, and
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order abundances as well as among bacterial orders alone at the
regional scale via Bayesian analysis. These results suggest that
physicochemical and nutrient concentrations may influence only
a small number of taxa locally, but these effects may be propagated
throughout the entire community, potentially as a result of inter-
actions among taxa throughout this ecosystem. For example, the
negative Bayesian correlation of temperature with E. coli concen-
tration may indicate increases in abundance of other community
members that out-compete this species, and E. coli is known to
be a minority member of the community (Byappanahalli and
Fujioka, 2004). Elucidation of these potential interactive effects
have been previously utilized to create a predictive artificial neu-
ral network for microbial communities (Larsen et al., 2012).
However, development of such a network was beyond the scope
of the current study as few time points were analyzed.
Discrepancies between associations observed from local vs.
regional analyses suggest that the spatial scale at which data are
analyzed affects the conclusions drawn (Ruan et al., 2006; Xia
et al., 2011; Gilbert et al., 2012). Future work will be required to
validate whether the associations observed in this study represent
actual community-level bacterial interactions, as this could not
be determined here. A previous study indicated that responses
to variation in nutrient concentration affect the distribution of
functional traits in a community while taxonomic composition is
habitat-specific (Comte and del Giorgio, 2009). Similarly, a study
of geographically disparate freshwater cyanobacterial blooms
found that functional traits were conserved among ecosystems
despite variation in taxonomic community composition (Steffen
et al., 2012). Based on these previous findings, community com-
position heremay not reflect community adaptation to changes in
nutrient concentrations but may instead be indicative of the bac-
teria contributed from natural runoff and anthropogenic impacts.
Furthermore, this study is restricted by the removal of aggre-
gate bacteria, which have been shown to be phylogenetically and
functionally diverse (Grossart, 2010), as well as the limitation to
only bacterial orders that are represented in taxonomic classifica-
tion databases. Complex trophic interactions are known to influ-
ence the bacterial community (Verreydt et al., 2012), and the lack
of these associations between domains here may result in an over-
simplified model of inter-specific associations among the total
community. Finally, assessing bacterial associations when taxa are
classified to orders may also reduce model complexity as bacterial
orders can show significant diversity in functional traits, func-
tional overlap, and differential survival ability. However, based
on the shortness of sequence reads, more specific classification
was not performed as taxonomic assignment to more specific
levels have been shown to have poor accuracy in classification
(Mizrahi-Man et al., 2013).
We hypothesized here that variation in major land coverage
types would result in consistent directional shifts in the relative
abundance of bacterial orders due to alteration of nutrient and
chemical concentrations, as well as inputs of source-specific bac-
terial groups. Alteration of nutrient concentrations as a result of
land coverage has been previously reported (Fisher et al., 2000;
Miller et al., 2011), and these reports are generally consistent
with the results presented here. Similarly, water quality has also
been shown to be influenced by land cover in a predominantly
urban setting (Tu, 2011). A previous study of stream sediments
has further reported that variation in bacterial communities was
significantly associated with impervious land cover associated
with urbanization, although taxonomic assignments of variable
OTUs was not addressed (Wang et al., 2011). Community vari-
ation characterized by shifts in abundances of specific taxa have
also been observed in near-atmosphere air samples collected from
forested, suburban, and agricultural areas (Bowers et al., 2011).
Interestingly, the dominant groups identified in air samples—
Burkholderiales and Actinobacteria—were also the most abundant
groups identified in this study and were not correlated with
any other abiotic parameter with the exception of a negative
correlation between Burkholderiales abundance and cumulative
(three-day) antecedent rainfall. The lack of correlations of these
orders may result from their general ubiquity and high relative
abundance, although it is important to note that the majority of
variation is seen amongst taxa present in only moderate or minor
abundances.
Although bacterial community structure could not be signif-
icantly associated with major land coverage by local analyses,
abundances of many orders were correlated with land coverage
when analyzed in the context of the entire dataset. Results of
DFA suggested that only a few orders were significant in explain-
ing variation in community structure based on patterns of land
coverage, and several of these may be more useful targets to
identify major non-point sources of contamination to the river
or to identify biotic interactions influencing variation in com-
munity membership and/or structure. For example, increases in
abundance of the orders Aeromonadales and Nitrosomonadales
may serve as indicators for specifically urbanized contamination,
while an increase in a specific order of Gammaproteobacteria may
indicate the relative absence of anthropogenic impact. Lack of sig-
nificant differences in abundance of many of these orders between
developed and agricultural land could also imply that several
groups are indicators of more generalized anthropogenic impacts
(i.e., not specifically developed or agricultural, such as failure of
septic systems), as has been previously suggested (Staley et al.,
2013). Frequent matching of OTU sequences from orders asso-
ciated with developed land cover to isolates from the wastewater
treatment process suggest that these orders may be contributed as
a result of effluent outfall. Similarly, matching of forest-associated
OTUs with isolates from only freshwater bodies lends credit
to the conclusion that these orders are reflective of more pris-
tine, unimpacted conditions. It should be noted, however, that
BLAST searching was far from exhaustive due to the size of the
GenBank database, and isolates from many other sources may
share identity with the OTU sequences queried. Use of compu-
tational algorithms such as SourceTracker (Knights et al., 2011)
which employs an OTU-based approach characterizing source
and sink communities will provide more objective determina-
tion of sources of OTUs, as demonstrated recently (Newton et al.,
2013). However, use of these methods will require knowledge of
specific sources and extensive characterization of their microbial
communities, and this data was not collected in the current study.
Importantly, the concentration of E. coli, which is commonly
used as an indicator of surface water quality and human health
risk (United States Environmental Protection Agency, 2002,
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2012), was not correlated with other measures of water quality
(e.g., nitrogen concentration) or abundances of several orders
that include human pathogens (e.g., Enterobacteriales) among
the entire dataset. Furthermore, E. coli concentration was not
significantly associated with the abundance of bacterial orders
by local or Bayesian analyses, suggesting a poor relationship
between this species and the overall bacterial community struc-
ture. E. coli concentrations measured here only twice exceeded the
Environmental Protection Agency’s one-time sampling threshold
of 235 CFU 100ml−1 (United States Environmental Protection
Agency, 2002), suggesting that risk of human pathogens during
the sampling period may have been limited, although the pres-
ence of pathogens or of fecal contamination during this study was
not determined. However, previous studies have suggested that
factors including nutrient concentrations, land coverage, and the
surrounding bacterial community are all potential factors asso-
ciated with pathogen presence and activity (Viau et al., 2011;
Williams et al., 2012), therefore E. coli may be an even poorer
indicator of water quality than previously thought.
This study highlights the complexity of factors that influence
bacterial community structure locally and regionally in a complex
riverine ecosystem. Among all analyses, organic carbon and TDS
were observed to be among the primary environmental factors
influencing both diversity and the abundance of specific bacte-
rial orders. These parameters were also regionally associated with
specific land cover types suggesting that specific anthropogenic
impacts alter the chemistry of this riverine ecosystem and con-
tribute non-indigenous bacteria resulting in shifts in the overall
bacterial community. Furthermore, this study is among the first
to suggest that specific bacterial orders in the water column may
be indicative of specific types of non-point source contamina-
tion, and may serve as more informative indicators of ecosystem
impairment than traditional indicator bacteria. Further interro-
gation of the associations and networks proposed here will better
allow regulatory agencies and resource managers to determine
if contamination is a result of relatively local, potentially point
sources, or may be due to an accumulation of chemicals from
more diffuse, point and non-point sources upstream.
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